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Abstract
The Glanville fritillary butterfly (Melitaea cinxia) has been studied in the Åland Islands in
Finland since 1991, where it occurs as a classic metapopulation in a large network of 4000
dry meadows. Much ecological work has been conducted on this species, but population
genetic studies have been hampered by paucity of suitable genetic markers. Here, using
single nucleotide polymorphisms and microsatellites developed for the Glanville fritillary,
we examine the correspondence between the demographic and genetic spatial structures.
Given the dynamic nature of the metapopulation, the current genetic spatial structure may
bear a signal of past changes in population sizes and past patterns of gene flow rather than
reflect the current demographic structure or landscape structure. We analyse this question
with demographic data for 10 years, using the Rand index to assess the similarity between
the genetic, demographic, and landscape spatial structures. Our results show that the current
genetic spatial structure is better explained by the past rather than by the current demo-
graphic spatial structure or by the spatial configuration of the habitat in the landscape.
Furthermore, current genetic diversity is significantly explained by past metapopulation
sizes. The time lag between major demographic events and change in the genetic spatial
structure and diversity has implications for the study of spatial dynamics.
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Introduction
Many species occur as metapopulations in fragmented
landscapes, consisting of discrete local populations con-
nected by migration, the magnitude of which depends on
landscape structure and habitat quality as well as on the
migration propensity of the species (Hanski 1999; Hanski
& Gaggiotti 2004). The long-term persistence of such
metapopulations hinges on a stochastic balance between
local extinctions and recolonizations (Levins 1969; Hanski
1999). Parallel to the discontinuous demographic population
structure, the genetic composition of metapopulations is
likely to exhibit spatial structure, as limited gene flow may
allow local populations (often called demes) and clusters of
such populations to differentiate due to founder effects and
drift. The genetic composition of metapopulations may
additionally be affected by spatially varying selection
pressures. It is of interest to ask how the spatial structure of
habitat in a fragmented landscape, the demographic
structure of the metapopulation inhabiting that landscape,
and the genetic spatial structure of the metapopulation are
related to each other.
Studies of spatial genetic structures are appealing because
patterns can be described at any spatial scale from indi-
viduals to continents (Manel et al. 2003), and these patterns
can reveal the influence of processes operating on temporal
scales from the present to millennia (Slatkin 1985; Davies
et al. 1999). Nonetheless, interpretations can be challenging,
because different population processes can lead to similar
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genetic patterns (Slatkin 1985; Ray 2001). Landscape struc-
ture plays an important role in determining spatial genetic
structures, but this influence is mediated via population
processes and the patterns represent the cumulative outcome
of gene flow in the past (Burel et al. 1998). The demographic
and genetic spatial population structures may be congruent,
especially when populations are isolated and stable, but
in metapopulations local populations are often ephemeral
and there is a spatially variable amount of migration and
gene flow among populations. Local populations may have
largely independent demographic dynamics, but often the
dynamics are spatially correlated, typically reflecting
some large-scale environmental effects (Ovaskainen &
Hanski 2004; Hanski & Meyke 2005). In this situation, an
integrated approach combining knowledge of the ecological
processes with inference from genetic markers can provide
a more robust insight into population processes operating
across landscapes than studies relying on one type of
information only.
These questions also raise the issue of how the genetic
spatial structures should be quantified when dealing with
species living in fragmented landscapes. Many authors have
studied the effect of habitat fragmentation (Coulon et al. 2004
and references therein) using Wright’s F-statistics (Wright
1931) or assignment tests among well-defined populations.
Unfortunately, for complex genetic structures in populations
extending across heterogeneous landscapes, it is difficult
to extract useful information using these approaches, and
it is challenging to relate such results to additional data
on relevant demographic processes, because of spatially
varying connectivity, and hence, gene flow among popula-
tions. The recently developed Bayesian spatial clustering
methods (Guillot et al. 2005; Corander et al. 2008) provide a
way of inferring statistically a spatially explicit represen-
tation of the genetic structure, which can be efficiently
compared with landscape and demographic structures.
Here, we analyse the spatial genetic structure in the
Glanville fritillary butterfly (Melitaea cinxia). This butterfly
occurs as a classic metapopulation in a highly fragmented
landscape in the Åland Islands in Southwest Finland.
Much ecological work has been conducted on this species,
including empirical (reviewed by Hanski 1999; Ehrlich &
Hanski 2004) and modelling studies on spatial structures
and dynamics (Hanski 1994; Hanski et al. 1996; Ovaskainen
& Hanski 2003; Ovaskainen & Hanski 2004), but corre-
sponding population genetic studies (Saccheri et al. 2004)
have been hampered by paucity of suitable genetic markers.
Development of microsatellite markers has been difficult
for this species (Palo et al. 1995; Sarhan 2006) as for other
Lepidoptera (Keyghobadi et al. 1999; Neve & Meglecz 2000;
Keyghobadi et al. 2005a, b). Recently, we have developed
single nucleotide polymorphisms (SNP) for the Glanville
fritillary (Orsini et al. 2007) and conducted a large-scale
genetic study of the metapopulation. Our aim in this study
is to examine the correspondence between the spatial con-
figuration of the habitat and the demographic and genetic
spatial structures. Given the highly dynamic nature of
metapopulations (Hanski 1999), the current genetic spatial
structure may bear a signal of past changes in population
sizes and past patterns of gene flow rather than reflect the
current spatial demographic structure or the spatial con-
figuration of the habitat in the landscape. We analyse this
question with demographic data for 10 years sampled
across several hundred local populations. This study con-
tributes towards a more mechanistic understanding of the
effects of demographic dynamics in fragmented landscapes
on genetic population structure.
Materials and methods
The Glanville fritillary metapopulation and sampling
The long-term study of the Glanville fritillary butterfly in
the Åland Islands in Southwest Finland was started in 1991
(Hanski 1999). In 1993, and again in 1998–1999, the entire
study area was mapped for suitable habitat for the butterfly.
The habitat consists of small dry meadows (average area
0.15 ha) with one or both of the larval host plants, Plantago
lanceolata and Veronica spicata (Hanski 1999; Nieminen et al.
2004). The number of suitable habitat patches is ca 4000.
Females oviposit in large clusters of 150–200 eggs
(Saastamoinen 2007), and the larvae stay most of their
development in sib-groups. Since 1993, all habitat patches
have been monitored for the presence and the sizes of local
populations based on a count of the larval groups in late
summer (Nieminen et al. 2004). Every year, 500–700 of the
4000 meadows have been inhabited by the butterfly, as evid-
enced by the presence of larvae (Hanski 1999; Nieminen
et al. 2004). The rate of population turnover is high, with
about 100 local populations going extinct in each year and
roughly the same number of new populations being estab-
lished by dispersing butterflies. The populations that turn
over are mostly the smallest ones, but the network has no
large habitat patches and hence, all local populations have
a significant risk of extinction (Hanski et al. 1995; Hanski
1999). Very few populations have persisted continuously
since 1993.
For the present study, we sampled all local populations
in the northern part of the Åland Islands in the autumn
2002, covering about half of the entire range of the Glanville
fritillary. One larva was sampled from each larval group
that was detected, yielding a total sample of 737 larvae, sam-
pled from 186 local populations. Previous studies indicate
that about 50% of all existing larval groups are detected in
the survey (Nieminen et al. 2004), hence, our sample includes
about half of the larval groups in the metapopulation at
the time of sampling. Samples were preserved in alcohol at
–20 °C before DNA extraction.
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In the present study, we use data only for the populations
that occurred on meadows that have been monitored
continuously since 1993, omitting populations in habitat
patches that have been discovered since 1993. Thus the
results are comparable for the 10-year period 1993–2002.
DNA isolation and microsatellite and SNP typing
Genomic DNA was isolated using Nucleo spin tissue ex-
traction kit (Mackerey-Nagel), with overnight incubation at
56 °C. All samples were genotyped for five microsatellites
and 10 SNPs. The microsatellites have been previously
isolated from the Glanville fritillary (Sarhan 2006). SNPs
have been isolated using a rapid and cost-effective strategy
exploiting the property of the bacteriophage Mu transposition
machinery to target mismatched DNA sites (Orsini et al. 2007).
We used 10 of the 24 SNPs that have been discovered, choosing
the ones located on independent genomic regions and hence,
unlinked (Table 1).
Microsatellite loci were amplified in two multiplex
polymerase chain reactions (PCR) that combined the loci
CINXIA1A-CINXIA82 (PCR 1) and CINXIA19-CINXIA35-
CINXIA77 (PCR 2), respectively. Sequences for several
individuals demonstrated that CINXIA82 amplified a
doublet fragment, representing two independent loci, and
therefore this marker was not used further.
Ten to 20 ng of genomic DNA were amplified in PCRs
consisting of 10× NHSO4 PCR buffer, 0.5/1 μm of each
primer, 200 μm of each of the dNTPs, 2.5 mm of MgCl2, 20 ng
of bovine serum albumin (BSA) and 0.1 U of Taq Polymerase
(Fermentas, Life Sciences). The primer concentration was
adjusted according to the amplification efficiency in the
presence of multiple primer pairs. All amplifications were
performed in 10-μL final volumes using MJ DNA Engine
Tetrad 2 (MJ Research, Peltier). PCR cycling conditions
were as follows: denaturation at 94 °C for 3 min followed
by 30 cycles of 94 °C for 1 min, 56 °C (PCR 1) or 59 °C (PCR
2) for 1 min and 72 °C for 1 min. One primer of each primer
set (typically the reverse primer) was end-labelled with a
fluorescent dye, either NED (CINXIA19), FAM (CINXIA77
and CINXIA1A), or HEX (CINXIA35). The alleles were
scored using MegaBACE 1000 automated sequencer (GE
Healthcare) and analysed with megabace fragment
profiler software (GE Healthcare).
SNPs were genotyped by primer extension reactions
(Solokov 1990), in which the screening primers, designed
with a-3′ end immediately adjacent to the SNP, undergo a
single nucleotide extension by a fluorescent-labelled ddNTP
corresponding to the SNP allele. To reduce the number
of reactions required, the 10 SNPs were amplified in four
multiplex PCRs, in which loci were combined according to
their optimal annealing temperature and PCR length size
(Table 1). Each PCR (20 μL) contained 20–30 ng of genomic
DNA, 1 μm each primer, 200 μm each dNTPs, 2.5 mm MgCl2,
20 ng BSA, and 0.2 U Taq DNA Polymerase (Fermentas, Life
Sciences). An initial denaturing step (5 min at 95 °C) was
followed by 35 cycles of amplification with 1 min at 94 °C,
1 min at the annealing temperature, and 1.5 min at 72 °C.
A final extension step included incubation for 15 min at
72 °C. PCR products were purified with Exo-SAP-IT (GE
Healthcare) at the concentration of 1 μL/10 μL PCR. Primer
extension reactions employed the SNuPe kit (GE Healthcare,
Batley, Hayes, 2003) following the manufacturer’s instruc-
tions, and were run on MegaBACE 1000 (GE Healthcare).
Genotypes were called by snp profiler (GE Healthcare)
and the calls were checked visually. Screening primer
sequences are shown in Table 1. For both microsatellite and
SNP loci, the samples that failed were repeated together
with random successful samples. Samples that failed twice
were considered as missing data. To reduce human error in
reading genotyping calls, the calls were scored independ-
ently by two people and the calls were compared.
Statistical analyses
For each microsatellite locus, the expected and observed
heterozygosities were calculated and genotype frequencies
were tested against the Hardy–Weinberg expectation using
arlequin (Excoffier et al. 2005). Because we found excess
homozygosity, we searched for evidence of null alleles using
Table 1 Primers used for SNP genotype
assay by primer extension. The table shows
the sequence of the screening primer, PCR
fragment size and the optimal annealing
temperature (Tm). Loci that were coamplified
are indicated as multiplex groups. The
markers are described in Orsini et al. (2007)
Locus Primer 5′–3′ SNP type PCR size (bp) Tm °C Multiplex
30.1 ATAAAAATTAATTACATACTG A/C 298 59 1
42.1 AGTCAATTTTGTTACCCATT A/G 184–187 59 1
53.2 ATAAAATTCACTATTTATATG A/G 245–256 59 1
3 N TTATCAGTTTTGTTGCATTAAT T/A 305–319 65 2
C60 ACTTTAAACTGTGATAAATC A/G 328–331 60 3
C98 ACCATAATTGTGTATATATCT A/T 298–315 60 3
C113 ACCCTCTCTCTTCCCGTGG C/T 324–328 60 4
C120 ATCCGTTCTTATTAAACCC C/T 286–294 60 4
C129 TAAGCACTCTTCTGTTTT T/G 204 60 4
C152 TAAAACAGTTTAACGAGTTCTG T/C 310 65 2
2632 L .  O R S I N I  E T A L .
© 2008 The Authors
Journal compilation © 2008 Blackwell Publishing Ltd
the program micro-checker (van Oosterhout et al. 2004).
Evidence for null alleles was found in three of the four
microsatellites (CINXIA19, CINXIA77 and CINXIA1A).
The program freena (Chapuis & Estoup 2007) was used to
calculate the frequency of null alleles at different loci and
FST values were re-calculated after correcting for the presence
of null alleles. FST were calculated with the Weir and
Cockerham (Weir & Cockerham 1984) method for pairs of
populations using msa (Dieringer & Schlötterer 2003) and
1000 nonparametric bootstrap replicates.
For the SNPs, the observed and expected heterozygosities
and the FST values were calculated using arlequin (Excoffier
et al. 2005). An exact test was calculated for the departure
from the Hardy–Weinberg equilibrium and the significance
was determined by the Markov Chain Monte Carlo (MCMC)
simulation available in arlequin (Guo & Thompson 1992).
For both marker types, expected and observed heterozy-
gosities were calculated for the pooled sample (186 popu-
lations) as well as for a subsample omitting the smallest
populations, which are prone to rapid drift (< 4 larval
groups). For both marker types, the significance of correla-
tions between genetic and geographical distances was
calculated using the Mantel test (Mantel 1967) with 10 000
matrix randomizations (genepop,  Raymond & Rousset 1995).
Isolation by distance was investigated using the pooled
sample as well as the subsample omitting the smallest popu-
lations (< 4 larval groups). We repeated the calculations
after removing one microsatellite locus at a time to check
that the results were not due to any particular locus.
Genetic and demographic clusterings
The spatial genetic structure was described using the Bayesian
analysis implemented in the baps software (Guillot et al.
2005; Corander & Marttinen 2006; Corander et al. 2008). baps
can fit several Bayesian models of population structure
to molecular data. The clusters thus obtained represent
genetically differentiated parts of the entire metapopulation.
We employed the spatial model option in baps, using local
populations inhabiting discrete habitat patches with known
geographical coordinates as the population units to be
clustered. All molecular data collected from a particular
local population were used to obtain the posterior dis-
tribution of allele frequencies for that population.
Under the spatial model, the genetic structure is calculated
assuming a priori that the structure within a particular area
depends on the neighbouring areas. Corander et al. (2008)
have shown that the spatial model improves the statistical
power to detect the underlying population structure when
the molecular data are sparse. In the spatial clustering
model, the landscape occupied by the population is divided
into a ‘coloured Voronoi tessellation’ (Deussen et al. 2000),
in which different colours in the tessellation represent
genetically differentiated populations. Identical colour
for particular tessellation cells is inferred through Bayes’
formula using both molecular data and a spatial prior
distribution, which expresses expected dependence in
the colours of neighbouring cells. The model specifies the
colouring, corresponding to an estimate of the underlying
genetic population structure, jointly for all cells of the tes-
sellation. A stochastic search algorithm is used to estimate
the maximum a posteriori colouring. In the present applica-
tion, the spatial model was fitted using 20 replicate runs,
each with the maximum number of 25 clusters. This a priori
upper bound was judged to cover the range of clusters that
could be statistically detected in this data set. The resulting
maximum a posteriori estimate for the number of genetic
clusters (see Results) was well below this threshold, and
hence the value of 25 clearly exceeded the number of clusters
detected in these data. We pooled the two sets of markers
to maximize information for genetic clustering.
Demographic clustering based on population sizes and
their spatial locations was calculated with the average
linkage hierarchical clustering algorithm (Seber 1984). The
algorithm was applied to a distance matrix, in which the
distance between local populations i and j was calculated
as the average of their reciprocal pairwise connectivity
values, defined for patch i as (Hanski 1999)
where Nj is population size (number of larval groups) in
patch j and dij is the Euclidian distance between patches i
and j in kilometres. This formula assumes that average
migration distance is 1 km, which is supported by empirical
data (Hanski 1999). Essentially, Si measures the expected
flow of migrants from population j to population i. Con-
nectivity values were calculated separately for each year
because population sizes vary from one year to another.
We examined year-to-year similarity of the demographic
clusterings using the adjusted Rand index (RI; Hubert &
Arabie 1985). RI is a probabilistic measure of the degree of
similarity between two clusterings of the same set of objects.
When RI equals zero, the similarity between the two clus-
terings is at the level one would expect by a comparison of
random partitions overlapping by chance. The higher the
RI value, the higher the probability that a randomly chosen
pair of objects is concordantly clustered in the two clusterings.
The Rand index has been shown to be conservative, which
means that it is not easily inflated towards unity unlike
many other related measures of clustering concordance.
In our analysis, large values of RI indicate little change in
the overall spatial configuration of populations.
The demographic clustering was obtained using a hier-
archical clustering algorithm, as described above, which
produces a dendrogram rather than a partition of the habitat
patches. The dendrogram was cut at the required level
to obtain a certain number of clusters. These clusters are
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groupings of habitat patches based on their geographical
location in the landscape and their current population sizes.
The ‘required level’ refers to the cut-off level in the dendro-
gram that would yield the desired number of clusters.
For each year, we produced demographic clusterings with
10–40 clusters, calculated the year-to-year comparison for
each one of them, and used the average of the resulting RI
values as the measure of demographic similarity between
the two years.
We calculated similarity between the genetic clustering
for 2002 and demographic clusterings for different years
using the RI. This was carried out in two different ways,
by comparing the genetic clustering with either the same
number of demographic clusters or with the ‘optimal’ number
of demographic clusters, optimal meaning the number of
demographic clusters that produced the highest RI value
with the genetic clustering for 2002. Finally, we compared
the genetic clustering with the spatial structure of the
habitat, which was calculated with the average linkage
hierarchical clustering algorithm as above for the demo-
graphic clustering, but now the distance matrix consisted
of just the pairwise Euclidean distances between habitat
patches, ignoring any information on the presence of
butterfly populations. Thus, connectivity of patch i was
now calculated as
The hierarchical distribution of genetic variation in the
metapopulation was described with a three-level analysis
of molecular variance (amova) using arlequin (Excoffier
et al. 2005). The analysis was repeated for the combination
of microsatellites and SNPs as well as for each marker type
separately. The three levels were the genetic clusters as iden-
tified by baps, populations within clusters, and individuals
(representing larval groups) within populations. Within-
individual variation was estimated by permuting all indi-
vidual genotypes in the entire metapopulation. Permutation
tests (10 000 permutations) were used to assess whether
genetic differentiation at the different levels was signi-
ficantly greater than zero (Excoffier et al. 2005).
Results
Demographic metapopulation structure
The total number of distinct local populations in the study
area varied from 97 to 202 in the years from 1993 to 2002,
taking into account only those habitat patches that have
been monitored continuously since 1993 (Material and
methods). The corresponding range in the pooled number
of larval families was from 383 to 1149. The size of the
metapopulation has remained relatively stable with a
slightly increasing trend (Fig. 1a). The greatest increases in
metapopulation size occurred at the two transitions in
1997–1998 and 1999–2000 (Fig. 1a; see also Fig. 4.12 in
Nieminen et al. 2004).
Figure 2 shows the yearly changes in the sizes and spatial
distribution of local populations from 1993 to 2002. The
demographic dynamics have been markedly spatially
correlated, as described in detail by Nieminen et al. (2004)
and Hanski & Meyke (2005), although patterns have been
dissimilar in different transitions. The most important
reason for the spatially correlated changes in population
sizes is spatially correlated weather effects (Hanski & Meyke
2005). The pattern in the occurrence of local populations
became spatially less even and shifted towards northeast in
1997–1998 (Fig. 2; see also Fig. 1 in Hanski & Meyke 2005).
We examined year-to-year similarity in the demographic
structure using the RI, based on the spatial clustering





Fig. 1 (a) Change in metapopulation size as measured by the
pooled number of larval groups in all local populations from 1993
to 2002. (b) Similarity of the demographic structures between
successive years as measured by the Rand index (Materials and
methods).
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onwards, while it was low in 1998–1999 and in the early
transitions (Fig. 1b). There is no simple relationship between
the RI values (Fig. 1b) and changes in the pooled size of
the metapopulation (Fig. 1a), but it is noteworthy that high
similarity tended to coincide with an increase in overall
metapopulation size. Conversely, low similarity in the
demographic structures at the transition 1998–1999 coincides
with a large drop in metapopulation size. These results
probably reflect dissimilar patterns of population turn-
over with increasing and decreasing size of the entire
metapopulation.
Polymorphism and linkage disequilibrium of 
genetic markers
The level of polymorphism in the microsatellites ranged
from 2 to 32 alleles per locus, with an average of 15.3. An
overall deficit of heterozygosity was evident in the pooled
sample as well as in all four loci when analysed separately
(Table 2). Comparison of the observed genotypes with the
distribution of randomized genotypes generated with the
program micro-checker (van Oosterhout et al. 2004) sug-
gested that heterozygote deficiency is due to the presence
of null alleles, which are not uncommon in butterflies
(Palo et al. 1995; Keyghobadi et al. 1999; Meglecz et al. 2004;
Sarhan 2006).
Six of the 10 SNPs showed a significant deviation from
the Hardy–Weinberg equilibrium (Table 2). In one case, the
observed heterozygosity was greater than expected (locus
42.1), whereas in the remaining five SNPs, the observed
heterozygosity was lower than expected (Table 2). Once
again, the likely reason for the latter result is the presence
of null alleles, probably due to variation at the primer sites.
The results for both microsatellites and SNPs were broadly
Fig. 2 (a–i) Yearly transitions in the sizes of local populations. The green colour indicates an increase and the red colour a decrease in
population size on a logarithmic scale. The yellow circles represent populations with unchanged size.
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the same when the smallest local populations with < 4
or < 10 larval groups were excluded (Table 2 shows the
results when local populations with < 4 larval groups were
excluded).
Deviations from the Hardy–Weinberg equilibrium could
be due to spatial heterogeneity in allele frequencies. We
tested this possibility by repeating the calculations sepa-
rately for the genetic clusters (which are described below)
with the largest pooled sample of individuals (details in
Table S1, Supplementary material). Of the four microsatel-
lites, three showed significant heterozygote deficit in all six
clusters, but CINXIA35 showed a significant deficit in only
one genetic cluster. Of the 10 SNPs, five showed significant
deviations in at least two genetic clusters (Table S1). These
SNPs were largely the same that showed significant devi-
ations also in the pooled data (Table 2), but intriguingly,
SNPs 30.1 and 3N showed a significant deviation in two
and three clusters, respectively, although not in the pooled
data. SNPs 53.2, C113, and C120 showed no deviations
from the Hardy–Weinberg equilibrium in any of the genetic
clusters.
There was no significant linkage disequilibrium, with
the exception of the microsatellite locus CINXIA35 exhibiting
linkage disequilibrium with CINXIA1A and CINXIA19.
Genetic spatial structure
We used the pooled data for microsatellites and SNPs to
infer the genetic clustering of local populations, using infor-
mation on the spatial locations of the populations as a prior
(Material and methods). The highest marginal likelihood
(corresponding to maximizing the posterior probability)
was obtained for 13 clusters (Fig. 3). The stability of this
solution was investigated by running the stochastic esti-
mation many times and observing where the algorithm
converged. The solution with k = 13 was obtained in most
cases. The solutions can be compared analytically with baps,
Table 2 Population genetic statistics for
microsatellite and SNP loci. HO and HE are
the observed and expected heterozygosities,
while the P value gives the significance of
the deviation from the Hardy-Weinberg
equilibrium. Data are shown for all popu-
lations and for populations larger than
three larval groups. Bold face indicates
significant departure from the Hardy-
Weinberg equilibrium
SNPs Microsatellites
Locus HO HE P value Locus HO HE P value
All populations 
(n = 186)
30.1 0.31 0.32 0.640 CINXIA 1 A 0.34 0.89 < 0.0001
42.1 0.64 0.50 < 0.0001 CINXIA 19 0.43 0.75 < 0.005
53.2 0.13 0.15 0.002 CINXIA 35 0.36 0.42 < 0.0001
3 N 0.28 0.29 0.097 CINXIA 77 0.59 0.82 < 0.0001
C60 0.27 0.42 < 0.0001
C98 0.42 0.48 0.00069
C113 0.38 0.37 0.84
C120 0.45 0.47 0.185
C129 0.14 0.47 < 0.0001
C152 0.33 0.50 < 0.0001
Large populations 
(n = 80)
30.1 0.30 0.31 0.227 CINXIA 1 A 0.34 0.89 < 0.0001
42.1 0.65 0.49 < 0.0001 CINXIA 19 0.42 0.76 < 0.0001
53.2 0.14 0.15 0.093 CINXIA 35 0.37 0.44 < 0.0001
3 N 0.27 0.30 0.071 CINXIA 77 0.59 0.82 < 0.0001
C60 0.29 0.42 < 0.0001
C98 0.43 0.48 0.014
C113 0.36 0.36 1.00
C120 0.44 0.47 0.104
C129 0.15 0.46 < 0.0001
C152 0.34 0.50 < 0.0001
Fig. 3 Genetic clustering of local populations in the study area in
the Åland Islands inferred with the program baps and using SNP
and microsatellite markers. Identical colours identify populations
with homogeneous genetic composition, whereas different colours
represent genetically differentiated populations. There are
altogether 13 homogeneous clusters.
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and in these comparisons the mode estimate was found
to be very stable. Examining the posterior neighbourhood
of the estimate further confirmed the overall statistical
stability of the estimated clustering solution. The clusters
are mostly discrete and the larger ones are 5–10 km across
(Fig. 3). Clusterings inferred from microsatellites and SNPs
separately gave congruent results but with reduced resolution
when SNPs alone were used (results not shown).
A three-level hierarchical amova for the combination
of microsatellites and SNPs showed high levels of genetic
differentiation among larval groups and among genetic
clusters (Table 3). Permutation tests yielded significant results
at all levels (Table 3). Results were similar for the two marker
types separately, with the exception of no within-population
among-larval group genetic differentiation for SNPs (Table 3).
The presence of only two alleles in SNPs reduces the power
to detect structure at the within-population level.
Average FST value over all loci was 0.02, with the locus
CINXIA19 being the most divergent marker (0.04). The
Mantel test did not detect significant isolation by distance
for the two markers combined (P = 0.98) nor when they were
analysed separately (P = 0.26 for microsatellites and P = 0.43
for SNPs). There was a marginally (r = 0.008; P < 0.05)
significant relationship when only populations larger
than three larval groups were analysed (data not shown).
Drift in small populations may explain why the exclusion
of the smallest populations gives a stronger signal of isolation
by distance.
Comparisons between landscape structure and 
demographic and genetic spatial structures
Similarity between the genetic and demographic spatial
structures (clusterings) was assessed with RI in two different
ways. First, the genetic clustering for 2002 (13 clusters, Fig. 3)
was compared with the ‘optimal’ demographic clustering
for each year, meaning the number of demographic clusters
that produced the highest RI value with the genetic structure
for 2002. The number of such demographic clusters varied
from 7 to 24. Second, the clusterings were compared when
the number of demographic clusters was forced to be the
same as the number of genetic clusters. In this case, the
number of genetic clusters ranged from 6 to 13 in different
years, because in all years, except in 2002, some of the 2002
genetic clusters had no corresponding populations (Fig. 4).
The results show substantial variation from year-to-year
(dotted lines, Fig. 4a, b) but also a pattern that becomes clearer
in a 3-point moving average of the yearly values (continuous
lines, Fig. 4a, b). The match between the demographic and
genetic clusterings increases backwards in time down to
1995 or 1996, beyond which it again decreases (Fig. 4). To
assess whether this pattern could be due to chance (drift)
only, we constructed the following test for the pattern in
Fig. 4(b). First, we fitted a Gaussian kernel function to predict
the moving average smoothed RI values as a function of
the distance (in years) from the year in which the maximum
smoothed RI was obtained. The fitted function yields the
correct smoothed RI value in the year with the maximum
value, and the predicted RI value decreases exponentially
backwards and forwards in time, such that the rate of
decrease is determined by the least squares minimization
of the residual sum of squares (RSS) with respect to the
observed (smoothed) RI values. This yields an observed
value, say T, for the discrepancy between the fitted function
and the data. Next, we fitted an analogous function to
moving average smoothed values calculated for 10 000
permutations of the yearly RI values. Finally, a P value was
obtained by calculating the probability P(RSS > T) based
on the 10 000 sets of RI values. The P value was 0.011,
supporting the conclusion that the unimodal pattern in
Fig. 4 is not due to chance.
The genetic structure was compared with the spatial
configuration of the habitat in the landscape, not including
any information about the populations (Materials and
methods; dashed lines, Fig. 4). The correspondence between
these clusterings is invariant in time and is higher than the
match between the demographic and genetic clusterings
for 2002, but lower than the match between the genetic
Table 3 Three-level hierarchical amova (genetic clusters, populations, larval groups) for pooled microsatellites and SNPs, and for the two
markers separately, based on estimates of genetic distances as calculated in arlequin (Excoffier et al. 2005). Significant differentiation
(P < 0.001) based on permutation tests (10 000 permutations) is marked with an asterisk (*)
Source of variation d.f.















Among clusters 12 0.12 Va 4.94 Fct = 0.05* 5.56 Fct = 0.06* 4.53 Fct = 0.04*
Among populations 173 0.06 Vb 2.58 Fsc = 0.03* 1.22 Fsc = 0.01* 3.47 Fsc = 0.04*
Among larval groups 550 0.14 Vc 6.02 FIS = 0.06* 22.18 FIS = 0.24* –4.61 FIS = –0.05
Within individual 736 2.05 Vd 86.47 Fit = 0.13* 71.04 Fit = 0.29* 96.91 Fit = 0.03
S PAT I A L  G E N E T I C  S T R U C T U R E  I N  A  M E TA P O P U L AT I O N 2637
© 2008 The Authors
Journal compilation © 2008 Blackwell Publishing Ltd
clustering for 2002 and the demographic clusterings in
1995–1996, when the correspondence between the genetic
and demographic clusterings peaked (Fig. 4).
Comparison between the demographic and genetic spatial
clusterings in Fig. 4 suggests that the present genetic
structure bears a signature of past demographic processes.
Assuming such a time lag, we could expect that genetic
diversity among the genetic clusters is also affected by past
demographic patterns. To test this, we regressed the average
observed heterozygosity (HO) calculated for microsatellite
markers against the total number of larval families in the
corresponding genetic cluster (N) in the years from 1993
until 2002. Forcing the current metapopulation size (N2002)
into the model, the best multiple regression included N2002
and N1999, and explained 73% of variation in the H values
(both explanatory variables were significant, F = 10.4,
P = 0.017). The delayed effect is clearly seen in Fig. 5(a),
which shows the correlations between N1993 and N2001 and
the residual from the regression of H against N2002. An even
better model was obtained without forcing the current
metapopulation size into the model, in which case N1993
and N2000 were selected and explained 79% of variation in
the H values (F = 13.9, P = 0.009). The corresponding plot
of the correlation coefficients between N1993 and N2002 and
the residual from the regression of H against N2000 is
shown in Fig. 5(b). The patterns in Fig. 5 were similar
Fig. 4 Similarity between the genetic clustering in 2002 and the
demographic clusterings for different years as measured by the
Rand index. (a) Using the best-matching demographic clustering
for each year, and (b) using the same number of demographic
clusters as there were genetic clusters (see further explanation
in the text). The yearly values are shown by dots connected by
a dotted line. A 3-point moving average is shown by triangles,
to which polynomial curves were fitted (continuous lines). The
3-point moving average is the average of three consecutive
numbers with the year indicated as the mid-point, and it is used
to smooth out short-term fluctuations to highlight longer term
trends. The dashed lines show the similarity between the genetic
clustering in 2002 and the spatial configuration of the habitat,
with no regard to the presence of local populations (see Materials
and methods).
Fig. 5 Correlation between residual heterozygosity (H) and
metapopulation size (N) in the years from 1993 to 2002, where
residual heterozygosity is (a) the residual from the regression
between H and N2002 or (b) the residual from the regression
between H and N2000. See the text for further explanation.
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when regression coefficients rather than correlation coeffi-
cients were examined. Naturally, these results can only be
approximations, because different genetic clusters have
partly unique demographic histories and may therefore
exhibit unique temporal delays in the response of genetic
diversity. Nonetheless, these results provide strong quali-
tative support for the presence of delayed effects that last
for many years.
Discussion
Null alleles at microsatellite and SNP loci
Microsatellites are widely used in population genetic studies
because they are highly variable, more likely to be neutral
than many other markers, and the results are generally
reproducible (Jarne & Lagoda 1996). However, sequencing
studies indicate that variation occurs at non-negligible
rates in the flanking regions of microsatellites (Angers
& Bernatchez 1997; Grimaldi & Crouau-Roy 1997). Such
variation may prevent primer annealing to template DNA
during amplification, resulting in a null allele (Dakin & Avise
2004). Null alleles have been reported to be exceptionally
frequent in some insect taxa such as Lepidoptera (reviewed
in Meglecz et al. 2004), Diptera (Lehmann et al. 1997) and
Orthoptera (Chapuis et al. 2005). Reasons may include lower
stability of the flanking regions of microsatellites than of
other genomic regions (Angers & Bernatchez 1997; Grimaldi
& Crouau-Roy 1997; Meglecz et al. 2004). In most microsatellite
studies on Lepidoptera, the presence of null alleles has
been manifested as significant departures from the Hardy–
Weinberg equilibrium due to heterozygote deficiency
(Meglecz & Solignac 1998; Keyghobadi et al. 1999; Keyghobadi
et al. 2005a). The Glanville fritillary is no exception (Palo
et al. 1995; Sarhan 2006; present study).
The presence of null alleles may bias the analysis of
genetic diversity. However, not all genetic measures are
equally affected by null alleles (Dewoody et al. 2006; Wagner
et al. 2006; Chapuis & Estoup 2007). In general, the F-statistics
are noticeably affected (Dakin & Avise 2004), whereas
Bayesian analysis of genetic spatial structure is less affected.
F-statistics are especially sensitive because they make quan-
titative inferences about the genetic population structure
by numerically quantifying the estimated extent of gene
flow. The Bayesian model used in this study, and other
comparable models, specifies only qualitatively the pres-
ence and nature of the spatial structure without quantitative
inference about the associated gene flow.
To explore the general effects of deviations from the
Hardy–Weinberg equilibrium, we conducted a range of
simulations with increasing heterozygote deficiency (results
not shown). The power to detect underlying spatial structure
by the Bayesian cluster analysis as implemented in baps
was reduced with increasing deviation from the Hardy–
Weinberg equilibrium, but the estimated genetic structure
was conservative even in the presence of strong deviations
from the equilibrium. Ideally, to minimize erroneous
conclusions due to the presence of scoring errors and null
alleles, models should use the adjusted allele frequency,
which however, is not possible by the software commonly
used to estimate F-statistics and isolation by distance
(Dewoody et al. 2006). Simulation studies have shown that
the bias introduced by null alleles is negligible when their
frequency is less than 0.2 (Dakin & Avise 2004). In the
present study, the frequency of null alleles ranged from
0.05 (CINXIA35) to 0.18 (CINXIA19), with only CINXIA1A
having a frequency (0.29) greater than 0.2.
While the literature about null alleles affecting micro-
satellite loci is flourishing, there is hardly any literature
about null alleles in SNPs, probably because of the still limited
use of SNPs in ecology (Seddon et al. 2005). Six of our 10
SNPs showed a significant departure from the Hardy–
Weinberg expectation. One locus (42.1) showed an excess
of heterozygotes, while five loci showed heterozygote
deficiency.
A blast search conducted in the Silkworm Knowledge-
base (Silk DB, http://silkworm.genomics.org.cn/index.jsp)
and National Center for Biotechnology Information (NCBI)
public databases showed that the SNP loci used in this
study are located in genomic regions with high variation.
None of the loci matched any protein-coding genomic
regions. This implies that while these regions are appropriate
for population genetic studies, high nucleotide variation
may affect the annealing of the primers to the DNA template,
possibly yielding null alleles. We repeated the amova after
excluding loci with departure from the Hardy–Weinberg
equilibrium, but the results remained essentially unchanged
(data not shown), suggesting that they are not sensitive to
the presence of null alleles.
Tests of the Hardy–Weinberg equilibrium performed for
samples originating from separate genetic clusters with
homogeneous allele frequencies (Table S1) yielded essen-
tially the same results as tests using the pooled material.
We therefore conclude that the deviations from the Hardy–
Weinberg equilibrium are not likely to be due to spatial
heterogeneity across the study area.
Spatial scale of genetic differentiation
For nearly 80 years, population geneticists have investigated
genetic diversity within and between populations using
Wright’s F-statistics (Wright 1931), which are commonly
used to draw inferences about gene flow and genetic drift
(Kimura & Maruyama 1971; Slatkin 1985). The F-statistics
are informative (though see Hedrick 1999) when local
populations are relatively large and stable and inhabit
discrete and equally connected habitats (Manel et al. 2003),
but they are less helpful when individuals are distributed
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more continuously in space, when there is fast turnover
of small local populations as in classic metapopulations
(Withlock & McCauley 1999), or when the metapopulation
occupies a heterogeneous landscape that leads to a complex
pattern of gene flow among dissimilar local populations.
We detected weak isolation by distance at the scale up
to 35 km (data not shown). This result is comparable to
the pattern reported by Saccheri et al. (2004, Fig. 10.3) for
the same species using allozymes and microsatellites,
although their result included a tail of larger values. The
study of Saccheri et al. (2004) covered the entire Åland
Islands, including populations from other islands apart
from the main island, which explains the largest pairwise
FST values. Moreover, the use of different genetic markers,
allozymes vs. SNPs, may have contributed (Hedrick 1999)
to the somewhat larger values in the previous than in the
current study. Weak isolation by distance in the case
of the Glanville fritillary is due to high gene flow among
populations within networks (below) and less frequent gene
flow between adjacent networks (Fig. 3).
The genetic cluster analysis identified groups of local
populations with no significant differentiation in allele
frequencies within groups (Fig. 3). Homogeneous genetic
units thus identified were much greater than individual
local populations, corresponding in spatial scale to the semi-
independent patch networks used in previous ecological
metapopulation studies of the Glanville fritillary (Hanski
et al. 1995; Hanski 1999). These networks were defined as
clusters of habitat patches in the landscape (Hanski et al.
1995). Network-scale homogeneous genetic units make good
biological sense, because individual local populations are
mostly so well connected within patch networks that there
is substantial migration and gene flow. Using a dispersal
model parameterized with empirical mark–recapture
data, Hanski et al. (2000) estimated that more than half of
the total butterfly days within a patch network are spent
in a habitat patch other than the natal patch. The average
lifetime movement distance is around 1.5 km (Ovaskainen
& Hanski 2004), which is less than the average radius of the
genetic clusters, but over a few generations there can be
substantial gene flow across an entire patch network and
genetic cluster.
Spatial scale of ‘populations’ in metapopulation biology
Given the relatively large homogeneous clusters of local
populations, one might argue that the proper spatial units
for population dynamics in this metapopulation are the
networks or the genetic clusters rather than individual local
populations. Nonetheless, although there is no significant
genetic differentiation between nearby local populations,
it is essential for ecological, genetic and evolutionary
studies to take into account the fine-scale spatial structure
at the level of local populations. In terms of demographic
dynamics, the density-dependent regulating processes
operate at the level of local populations, including occasional
food shortages (Hanski 1999), parasitism by specialist
parasitoids (van Nouhuys & Hanski 2002), and habitat
quality-dependent emigration and immigration (Kuussaari
et al. 1996) potentially leading to an Allee effect (Kuussaari
et al. 1998).
Considering genetic effects on population dynamics, the
level of inbreeding is often so high in the mostly small
local populations (Haikola et al. 2001) that the risk of local
extinction becomes elevated by inbreeding depression
(Saccheri et al. 1998). Our results on the division of genetic
variance among larval groups, local populations and genetic
clusters support the presence of substantial inbreeding
(Table 3). High incidence of inbreeding may appear unlikely
in the presence of extensive gene flow, but in reality many
small populations, often consisting of just a single family
group of full sibs, do not receive any immigrants in a given
generation. Around 100 new and initially mostly very small
populations are established every year (Hanski 1999), and
many of them do not happen to receive any further immi-
gration in the following year, thus leading to a generation
of close inbreeding following population establishment.
Finally, there is a well-documented example of balancing
selection at the phosphoglucose isomerase (Pgi) locus in
this metapopulation (Haag et al. 2005; Hanski & Saccheri
2006), with opposing selection pressures at the within-
population and metapopulation (patch network) levels. The
evolutionary dynamics of Pgi would be entirely missed if
pooled data for patch networks would be analysed instead
of data for individual populations. In summary, although
identifying genetically homogeneous spatial units can be
helpful for many purposes, such as, for example, the iden-
tification of conservation units, such spatial units do not
delimit ‘local populations’ for all purposes.
Genetic and demographic spatial structures
Our results demonstrate that the spatial genetic structure
of the Glanville fritillary in a particular year was better
explained by the past rather than by the concurrent demo-
graphic spatial structure or by the spatial configuration of
the habitat in the landscape. Similarly, the observed
heterozygosity within genetic clusters was to a large extent
explained by the past size of the respective metapopula-
tion. The natural explanation is that the genetic patterns
are generated by demographic events, and the signature of
major demographic events on genetic structure and diversity
declines only slowly with time. In the present case, this
‘time lag’, as estimated by the best match between the demo-
graphic and genetic spatial clusterings, was 6–7 years,
which is not very long but is consistent with the fast
population turnover in this metapopulation (Hanski 1999;
Nieminen et al. 2004). There were particularly great spatially
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correlated changes in the metapopulation structure in
1997–1998, at which point populations in the northwestern
part of the study area increased and populations in the
southwest declined (Fig. 2). Such large-scale spatially cor-
related perturbations violate the assumptions of conventional
interpretations of isolation-by-distance plots for neutral
markers (Hutchinson & Templeton 1999), based on the
forces of local genetic drift and gene flow, and are likely to
lead to shallow isolation-by-distance relationships, as we
observed in the present case.
Some previous studies have demonstrated that the
correlation between genetic and geographical distances is
improved by taking into account landscape structure (e.g.
the moor frog (Vos et al. 2001), and the land snail (Arnaud
2003). Other studies have documented a discrepancy between
demographic and genetic spatial patterns, mostly concerning
genetic spatial structure of species in landscapes fragmented
by human land use (Petit & Burel 1998; Van Dongen et al.
1998; Keyghobadi et al. 1999; Coulon et al. 2004; Holzhauer
et al. 2006). In the case of invasive species, it is often the case
that invasion history explains patterns in the genetic popu-
lation structure (Grapputo et al. 2005; Holzer et al. 2006;
Schmid-Hempel et al. 2007), especially at large spatial and
temporal scales, for instance in the postglacial invasion of
species into northern Europe (Solignac et al. 2005; Taylor &
Keller 2007). To our knowledge there have been no previous
attempts to examine the effects of both the spatial structure
of the habitat and the demographic history in shaping
the genetic spatial structure of metapopulations at the
landscape scale.
The better match between the genetic spatial structure
and the past rather than the present demographic spatial
structure is indicative of large-scale demographic events
in the past. In the absence of large-scale (network-level)
perturbations, the metapopulation would be expected to
remain close to an extinction–colonization equilibrium,
and the network-level genetic structure should also be
at equilibrium. Large-scale perturbations, due to spatially
correlated changes in metapopulation size, are well docu-
mented for the Glanville fritillary metapopulation (Hanski
1999; Nieminen et al. 2004; Hanski & Meyke 2005) and are
also evident in Fig. 2 in the present study. Most empirical
studies of metapopulations and of habitat fragmentation
(Keyghobadi et al. 1999; Harper et al. 2003; Coulon et al.
2004; Johansson et al. 2006; Zamudio & Wieczorek 2006)
have failed to address such large-scale spatial dynamics.
Large-scale perturbations are likely to be rare events in
most systems, and it is unlikely that any general results
concerning their consequences could be reached beyond
the qualitative conclusion about mismatch between con-
current genetic and demographic spatial structures. The
take-home message nonetheless is that genetic spatial
structures in classic metapopulations may typically be in a
transient state.
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